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Abstract In the field of 3D reconstruction, the recent introduction of 3D Gaussian splatting has
led to substantial advancements in both training efficiency and reconstruction quality, especially
when compared to traditional neural radiance field-based approaches. These advancements make
3D Gaussian splatting a promising tool for reconstructing complex scenes with high accuracy and
efficiency, significantly reducing the training time compared to the methods based on Neural Ra-
diance Fields. However, challenges remain in effectively segmenting the reconstructed scenes,

particularly when dealing with intricate occlusions and overlapping objects. Scene segmentation in
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such complex environments becomes difficult due to the dynamic interactions between objects,
subtle boundaries, and the presence of noise in the reconstruction process. These challenges hin-
der the accurate identification and isolation of specific objects within the scene, which is critical
for a range of practical applications. To address this issue, this paper proposes a novel, light-
weight method for 3D Gaussian-based scene segmentation that effectively segments specific ob-
jects from a reconstructed scene. The core innovation of this approach is the use of the differenti-
able nature of 3D Gaussian splatting during the reconstruction process, which allows for the sim-
ultaneous training of object class features alongside the scene reconstruction. Specifically, a class
feature is associated with each Gaussian kernel, encoding semantic information that is crucial for
object recognition and classification within the 3D space. These class features are trained to dis-
tinguish between different objects and map them to specific object categories. After embedding
the class features into the scene, a multi-layer perceptron decoder is designed and trained to map
the class features to object class labels, allowing the system to identify and classify objects based
on the features associated with each Gaussian kernel. During the rendering phase, the class fea-
tures are mapped onto 2D image pixels, where an image segmentation model is employed to ob-
tain the corresponding class features for the target object’s region. This segmentation model
helps isolate the desired object from the entire reconstructed scene, enabling the decoder to pre-
dict the class of the object with high accuracy. Additionally, to further enhance segmentation
quality and reduce noise, the output of the segmentation is refined using the k-nearest neighbor
algorithm, which helps eliminate false positives and smooths the boundaries of the segmented ob-
ject. This post-processing step ensures that the segmented object is accurately isolated, and the
method can be applied to any viewpoint within the reconstructed scene. Experimental results
demonstrate that this approach performs well on a variety of complex scenes, achieving real-time
segmentation in milliseconds and seamlessly integrating with existing image segmentation mod-
els. Furthermore, the method offers significant memory savings as it avoids the large-scale mem-
ory usage associated with traditional segmentation techniques, making it not only highly efficient
but also scalable. This makes it highly efficient and scalable, with the potential for real-time ap-
plications in interactive environments. Overall, the proposed 3D Gaussian-based segmentation
method represents a promising solution to the challenging problem of object segmentation in
highly complex 3D reconstructed scene, offering a significant step forward in the field of 3D scene
reconstruction and enabling more realistic simulations and interactive applications. The code will
be released at https://github. com/wangfeng70117/Gaussian-Extracting.
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Background

This work introduces a novel and lightweight pipeline
for 3D model segmentation based on the recently developed
3D Gaussian Splatting (3DGS). As the demand for high-qual-
ity 3D visualizations grows across various industries, inclu-
ding virtual reality, gaming, and medical imaging, the need
for efficient and accurate segmentation methods has become

increasingly critical. Our method effectively integrates with
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existing 2D segmentation models, enhancing the accuracy
and efficiency of object segmentation in complex 3D scenes.
3D Gaussian Splatting has shown exceptional promise in
surpassing traditional approaches like Neural Radiance Field
(NeRF) in both training speed and reconstruction quality.
3DGS enables the representation of 3D objects in a way that

captures intricate details while maintaining rapid computa-
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tion, making it a compelling tool for 3D visualization and edi-

ting. However, despite these advantages, segmentation
methods tailored for 3DGS remain underdeveloped, which
limits its application in detailed scene analysis and editing.

Our proposed pipeline addresses this gap by introducing
an interactive segmentation method that not only improves
segmentation quality but also operates with minimal memory
overhead. The approach allows users to segment objects in
3D environments efficiently, leveraging the unique capabili-
ties of 3DGS to handle complex geometries and lighting con-
ditions effectively. By integrating user input in the form of
point clicks or text prompts, the segmentation process be-
comes more intuitive and accessible, catering to a broader
range of applications.

In summary, this work presents a significant advance-

ment in the field of 3D model segmentation by combining the

strengths of 3D Gaussian Splatting with innovative interactive
techniques. The proposed pipeline not only enhances segmen-
tation quality but also ensures efficient memory usage, mak-
ing it suitable for real-time applications. By addressing the
limitations of current segmentation methods for 3DGS, this
research opens new avenues for detailed scene analysis and
interactive editing., paving the way for improved experiences
in virtual reality, gaming. and medical imaging. Through rig-
orous experimentation and validation, the effectiveness of the
proposed methods is demonstrated, providing a robust solu-
tion for the challenges faced in the segmentation of 3D mod-
els.
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